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Abstract 
This paper analyses the fuel price sensitivity of French traffic. Crucially, it develops the use of innovative econometric models. 
Partial adjustment models have been selected to represent traffic between 1990 and 2010. The road traffic model includes 
explanatory variables such as the fuel price, GDP, the length of the motorway network, and a lagged variable of traffic. 
Furthermore, a rail demand model including fuel price as an explanatory variable is also processed. In the short term, an increase 
of 10% in fuel price leads to a fall of 1,4% in the road traffic whereas in the long term, it leads to a fall of 2,8%. 
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1. Introduction – Background of the study 
This paper is in line with the current reflections about the change in travel behaviour due to the increase in fuel 
price. In effect, this rise may encourage car users to car-pool, to shift from road to rail, to work from home or to 
reconsider their workplace and housing arrangements in order to reduce the distance home to work (CBO, 2008). 
Numerous studies have been undertaken to quantify the impact of a rise in fuel price on transport demands. 
However, they mainly focus on the US and aggregated European cases. This paper analyses the fuel price sensitivity 
of French interurban road and rail traffic for passengers.  
One way to estimate future travel behaviour is to build econometric models of transport demand. The resulting 
values of price elasticities are key-results to prepare for the future transport demand as it enables a weighting in the 
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different variables of the model (Bonnel, 2001). Here is a graph to summarize the progression of average fuel price 
in France between 1990 and 2008. 
 
 
Fig. 1. Average pump fuel price progression in France (Sources: Direction des Ressources Energétiques et Minérales (Direm), Comité 
Professionnel du Pétrole (CPDP)). 
The price is measured in constant Euros in order to obtain the progression without the effects of inflation. Fuel 
cost 0,85 Euros2005 per litre in 1992, increasing to 1,23 Euros2005 per litre in 2008. Fuel price increased on 
average by +1,5% per year between 1990 and 2008. In France, most traffic forecasting models do not consider the 
impact of the variability of fuel price on traffic for two main reasons. Firstly, further up-to-date studies are needed to 
set the standard values of elasticity for use in traffic forecasting models.  
Secondly, four-stage models are widely used in France to forecast traffic. However, it is still unclear at what 
stage of these models it would be appropriate to consider fuel price elasticities. This is why there is a need to 
reassess the relationship between traffic and fuel price in relation to the modelling tools. It is crucial to know the 
effect of fuel price on mobility as a means of testing the national transport policies to be implemented, especially in 
the fields of fuel taxes and modal shift. What is more, short and long-term fuel price elasticities may be used as a 
way to improve multi-modal traffic forecasting. In particular, computing both road and rail traffic models enables a 
reflection on the substitution effect between the modes due to an increase in fuel price. 
The objectives of this paper are to analyse the impact of fuel price on French traffic and to estimate its effect on 
travel demands through the notion of elasticity. Crucially, the study develops the use of innovative econometric 
models. This paper is an attempt to establish models adapted to the French context. Firstly, the model is adapted to 
national road traffic, then to long distance trips and finally to rail traffic. A literature review throughout the US and 
Europe, with special attention to the French case, allows a comparison with the results of the current study. This 
enables an overview of the different kinds of econometric models used in the literature, as well as the variables 
which are most likely to explain traffic variations. To this end, certain key-articles were analysed to point out the 
commonly used model specifications and the main elasticity results obtained. Based on this preliminary work, it was 
decided to run an econometric analysis explaining the variations of both road and rail traffic with demographic, 
socio-economic and transport policy variables. In particular, the impact of fuel price as an explanatory variable is 
evaluated. 
2. Literature Review 
Firstly, key studies about road traffic models are presented. The variable 'road traffic' is given in vehicle-km. 
Then, a selection of key articles about rail traffic are described. The 'rail traffic' variable is given in passenger-km. 
Throughout this paper, the traffic is considered as the distance travelled, not as the fuel consumption. The analysis is 
composed of the studies based on French road traffic, represented by the distance travelled. Moreover, only time-
series models are considered. This means that the values of the previous years are used to determine future 
variations. Conversely, the cross-sectional models use data from a set year across different areas (countries for 
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instance). Finally, all purposes of travel are considered without distinction. Table 1 attempts to draw up an 
exhaustive list of the studies carried out in France under the previous conditions. 
Table 1. Econometric road traffic models established for the French context 
Study Model type Functional 
Form 
Explanatory variables Aggregation Level(s) Fuel-price 
elasticities 
Madre, J.L., 
Lambert, T., 1989 
CREDOC1 













Nguyen, L., 1994 
Static log-log GDP 
Fuel Price 
Car Fleet 
Rail mean speed 
 




Static  log-log GDP 
Car Fleet 
Price Ratio3 
High Speed Train  
Mean Speed  
 
National Network -0,22 














   
Short term  -
0,13/  -0,08 





















PAM log-log GDP 
Fuel Price 












Static log-log Household Consumption 
Expenditure (HCE)  
Fuel Price 
National Network -0,28 
 
CGDD6, 2012 ECM log-log GDP 
Maintenance costs 
Fuel Price 








1 Centre de Recherche pour l’Etude et l’Observation des Conditions de vie. 
2 This means that a rise in fuel price of 10% leads to a fall in traffic of 2.8%. 
3 Ratio of the average fuel price to travel 1 km by car divided by the average price to travel 1 km by train. 
4 Programme de Recherche et d’Innovation dans les Transports terrestres. 
5 Agence de l’Environnement et de la maitrise de l’Energie. 
6 Commissariat Général du Développement Durable. 
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9 studies have been found on the econometric modelling of French road traffic. Only 2 of them have been carried 
out in the last 5 years. This highlights the need to reassess the relationship between fuel price and the distance 
travelled on the road network. The models used are either static or dynamic and allow different kinds of outcomes. 
The dynamic ones give access to both short and long term elasticities whereas the static only inform about an 
intermediate elasticity (Cabanne, 2005). Short-term is defined as the time period required for the model to respond. 
As the models chosen use annual data, short-term is reached after a year. When the model's response can be 
considered as finished, the long-term is achieved. It is generally reached after 5-10 years (Goodwin et al, 2004). For 
instance, in the short term, household car ownership is fixed whereas in the long term, the households may renew 
their cars and acquire more fuel-efficient vehicles. The explanatory variables which are the most frequently used are 
the GDP, fuel price, length of the network and car fleet. In each article, the influence of the variable 'fuel price' is 
negative as an increase in fuel price leads to a fall in consumer surplus, which implies a lower demand in transport. 
Short-term elasticities are included between [-0,24;-0,08] and long-term between [-0,40;-0,20]. The price elasticity 
of demand is lower in the short than in the long term considering the time required to adjust behaviour. Moreover, it 
is lower on the entire national network than on the motorway network (Hivert and Wingert, 2010). What follows is a 
selection of international key-articles. Table 2 presents a non-exhaustive list. 
Table 2. Key international studies on econometric road traffic models 




Goodwin, P., 1992 UK Dynamic 
time-series 




Luk, J., Hepburn, S., 
1993 
 
Australia Not Available Not Available Not Available Short-term  -
0,10 







TRACE, 1999 Europe Dynamic 
time-series 
log-log Not Available Short-term  -
0,15 
Long term  -0,31 
 




Not Available Not Available Short-term  -
0,16 
Long term  -0,26 
 
Goodwin, P., Dargay, J., 
Hanly, M.,  2004 




Not Available Not Available Short-term  -
0,10 
Long term: -0,29 
 
Goodwin, P., Dargay, J., 
Hanly, M.,  2004 
 
UK and Europe Static time-
series 
Not Available Not Available -0,32 
 
Madre and Lambert (1989) achieved better results with the log-log functional form than with the linear form and 
most authors use the log-log form. For this reason, this form is also chosen for the current paper. Furthermore, 
throughout US, Australia and Europe, short-term elasticities are included in the interval [-0,16 ; -0,10] and long term 
in [-0,33 ; -0,24]. Table 3 presents a non-exhaustive list. 
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Table 3. Econometric rail traffic models led on the French case. 
Study Model 
type 
Functional Form Explanatory variables Aggregation Level(s) Fuel-price 
elasticities 
Blain, J.C., Nguyen, L., 
1994 
Static log-log Train Fare 
HCE  
Fuel Price 







Bergel, R., Blain, J.C., 
Jiang, F., 1995 




National network +0,21 
Bergel, R., Blain, J.C., 
Jiang, F.,  1995 
PAM log-log HCE 
Train Fare 
Fuel Price 
National network Short-term : 
+0,17 
Long term : 
+0,23 
 
Bergel, R., 2002 
 




National Network Short term : 
+0,16 







2.1. Key findings from the literature review 
The key-articles show a fall in road traffic and a rise in rail traffic resulting from an increase in price. 
Furthermore, they argue that these effects are more compounded in the long run.  
Dynamic models are opposed to static models which require lower amount of data but which do not contain short 
and long term information. Static models do not give access to differentiated short and long term elasticities. 
Furthermore, both partial adjustment models (PAM) and error correction models (ECM) contain lagged variables, 
allowing to take into account a period of time to adjust behaviour in the models. For this paper, we selected from the 
literature review the PAM to represent traffic. Such models allow the determination of price elasticities in both the 
short and long term without requiring a large amount of data - as opposed to static models and error correction 
models (Cabanne, 2005). PAM indicate that current traffic growth is proportional to the difference between the 
current and previous traffic (Gonzalez-Marrero et al, 2012). Finally, as dynamic models were selected, it is crucial 
to test for stationarity and co-integration of the variables to ensure that long-term information is reliable in these 
models (Basso and Oum, 2007). 
3. Introduction of the models 
The econometric models used in this paper reflect previous studies using ordinary least squares (OLS). Four 
models were tested in order to describe the effect of fuel-price on mobility in France. 
3.1. Road traffic models (for passenger only) 
The road traffic model is computed between 1990 and 2010 and includes the GDP, fuel price, length of the 
motorway network and a lagged variable of traffic as explanatory variables. The car fleet variable is not considered 
in this study because it was highly correlated to the GDP. The influence of competition between road and rail or air 
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transports is disregarded in the case of the trips made on the entire national network as road transport remains by far 
predominant on a national scale, according to the household surveys. On the other hand, in the case of computing 
long distance trips, it seems opportune to consider the competition between road and rail (Cabanne, 2005). That is 
why the variables `Rail Fare' and `Rail Length' were tested but they were not significant. The same results had been 
found by Cabanne in 2005. This means rail competition does not significantly impact road traffic on long distance 
trips in France. This result may be explained by the absence of substitutive modes in rural areas on a national scale. 
From 1990 to 2010, 508 billion vehicle.km per year on average were done on the entire national road network 
and 111 billion vehicles.km on the motorway network (according to the data from the Service de l’Observation et 
des Statistiques - SOES).The following model (equation 1) is run in order to explain the variations of the road traffic 
expressed in vehicle.km: 
 
where: 
x Traft is the current road traffic and Traft-1 is the previous road traffic (lagged variable); 
x GDPt is the Gross Domestic Product at year t; 
x Fuel_Pt is the fuel price at year t;  
x Mlengtht is the length of the motorway network at year t. 
 
The αi and β result from the model and are time-invariant. εt is the error term. The equation 1 is run twice: firstly 
with the traffic on the entire road network and secondly with the traffic exclusively on the motorway network. Thus, 
the analysis of elasticities becomes more accurate.  
In effect, long distance trips are more likely to be made for leisure purposes and short distance trips for 
commuting. In this way, the analysis of long distance trips allows a reflection on the difference in fuel price 
sensitivity according to the purpose of travel.  
3.2. Rail traffic models (for passenger only) 
The rail traffic model is computed between 1995 and 2010 and includes the rail fare, fuel price, GDP, length of 
the railway network and a lagged variable of traffic as explanatory variables. Many studies use the average rail 
product as a proxy for train fares. It is defined as the quotient of the total traffic revenue divided by the number of 
passenger-km. As opposed to the case of roads, the rail demand is more likely to be subjected to road competition on 
a national scale. Consequently, the model includes the fuel price as an explanatory variable. 
From 1995 to 2010, 66 billion passenger.km per year on average travelled on the entire national rail network and 
52 billion passenger.km per year on the high speed network (according to the data from the SNCF7 memoranda). 
These figures consider high speed trains as well as regional trains. The following model (equation 2) is run in order 
to explain the variations of the rail traffic expressed in passenger.km: 
 
where: 
x Traft is the current rail traffic and Traft-1 is the previous rail traffic (lagged variable); 
x GDPt is the Gross Domestic Product at year t; 
x FuelPt is the fuel price at year t,  
 
 
7 Société Nationale des Chemins de fer Français. 
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x Rlengtht is the length of the railway network at year t;  
x RFaret is the rail fare at year t.  
 
The αi and β result from the model and are time-invariant. εt is the error term. The equation (2) is run twice: 
firstly with the traffic on the entire rail network and secondly with the isolated high speed traffic. 
3.3. Further comments 
In the four models, more explanatory variables were tested (population, median age, maintenance costs) but they 
were not significant. Furthermore, it would have been interesting to consider the variables `Toll Pricing' and `GDP 
Structure' as well as variables representing the competition between rail and air traffic (Graham and Glaister, 2002). 
However, these data are not easy to retrieve. They could be used for further studies on the topic. In the two 




4. Description of the data 
The following table 4 displays the data used in the final models, their sources and units as well as the descriptive 
statistics of the variables. 
4.1. Stationarity and Co-integration 
Time series models have to be used cautiously. Indeed, it is required that the variables are either stationary or co-
integrated to make the long-term outcomes exploitable. Otherwise, it may lead to an over-valuation of elasticities 
(Basso and Oum, 2007). The stationarity of the variables is tested by computing the Dickey-Fuller test. For this 
study, a 5% level is adopted.  
The result is that the variables 'Fuel Price', 'Motorway Length', 'Train Fare' and 'Railway Length' have an 
Augmented Dickey-Fuller statistic greater than the critical value at a 5% level without integration. Therefore, these 
variables can be considered as stationary I(0). Their attributes (variance, mean) do not vary over time at a 5% level.  
The traffic on each network and GDP variables have an Augmented Dickey-Fuller statistic greater than the 
critical value at a 5% level at the first level of integration. This means that the first differences in the variables can 
be considered as stationary I(0) so the variables are first-order integrated I(1). The 'HCE' variable is neither I(0) nor 
I(1).  
In order to represent economic growth, two variables exist: Gross Domestic Product and Household Consumption 
Expenditure. The motorisation rate and the volume of cars are assumed to be included in the economic growth 
indicator. The variable `GDP' is preferred to the `HCE' in a dynamic model because GDP is I(1) while HCE is not.  
As a result, all the variables are either stationary I(0) or I(1). The attributes of the traffic variables and the GDP 
change over time. This may bias the long-run outcomes of the models. However, a combination of I(1) variables 
may turn out to be stationary. Thus, the variables are co-integrated and long-term outcomes can be considered as 
reliable. Therefore, the Dickey-Fuller test is carried out on the residuals of each regression to ensure that traffic and 
GDP variables are co-integrated.  
It appears that the Augmented Dickey-Fuller statistic applied to the residual of the 4 regressions is greater than 
the critical value at a 5% level. Thus, the traffic variables are co-integrated with the GDP in the 4 cases. 




184   Marianne Delsaut /  Transportation Research Procedia  1 ( 2014 )  177 – 187 
Table 4. Data used, sources, units and descriptive statistics 






















15 60 61 8 







15 52 52 3 
GDP GDP INSEE12 Billions of Constant 
Euros 2005 
20 1567 1601 172 
Fuel Price Fuel_P Direm, CPDP, 
SOES 
 
Constant Euros 2005 
per litre 
20 0.98 0.94 0.11 
Length motorway  
 






















15 8.78 8.45 0.65 
Population Pop INSEE Number of residents Variable not used in the final models 
Median Age Med_A INSEE Number of years Variable not used in the final models 
Maintenance Costs 
 
MCosts INSEE Constant Euros 2005 Variable not used in the final models 
HCE HCE INSEE Billions of Constant 
Euros 2005 
 
Variable not used in the final models 
Car Fleet CF SOeS Number of vehicles Variable not used in the final models 
 
4.2. Tables of correlations 
Variables need to be correlated as little as possible. In the case of time series models, the correlation between two 
variables is acceptable up to 0,95 (Cabanne, 2005). Otherwise, the impact of the covariant variable is also 




8 Sample size 
9 Standard deviation 
10 Service d’Etudes sur les Transports, les Routes et l’Aménagement. 
11 Commission des Comptes des Transports de la Nation 
12 Institut National de la Statistique et des Etudes Economiques. 
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GDP Fuel Price Length 
Network 
Car Fleet 
National Traffic 1 - 0.95 0.78 0.96 0.94 
Motorway Traffic - 1 0.95 0.83 0.96 0.95 
GDP - - 1 0.88 0.96 0.99 
Fuel Price - - - 1 0.81 0.90 
Length Network - - - - 1 0.85 
Car Fleet - - - -   
 
No problem of correlation was detected in rail modelling. In the case of roads, the car fleet is too highly 
correlated with the GDP so this variable is not used for this study. Moreover, the length of the motorway network is 
also correlated with the traffic and the GDP (0,96). However, the length of the motorway network has been taken 
into account in order to represent the road supply. 
Table 6. Table of correlations between the rail variables 
 National Traffic Motorway 
Traffic 
GDP Fuel Price Length 
Network 
Car Fleet 
National Traffic 1 - 0.95 0.78 0.96 0.94 
Motorway Traffic - 1 0.95 0.83 0.96 0.95 
GDP - - 1 0.88 0.96 0.99 
Fuel Price - - - 1 0.81 0.90 
Length Network - - - - 1 0.85 
Car Fleet - - - -   
 
5. Results of the econometric models 
The econometric models were computed with the software Eviews developed by Quantitative Micro Software, 
LLC. The t-statistics are in brackets. 
Table 7. Outcomes of the models 
 Road Traffic – entire 
network 
Road Traffic – 
motorway  
Rail Traffic – entire 
network 
Rail Traffic – high 
speed  
R² 0.99 0.99 0.97 0.95 
Ramsey test 1,14 (0,28) 0,49 (0,63) 0,66 (0,52) 0,30 (0,77) 
LMSC13 test 1,57 (0,25) 1,93 (0,18) 1,07 (0,43) 6,04 (0,15) 
Fuel price α2 -0,13 (0,01) -0,15 (0,02) 0,17 (0,19) 0,24 (0,07) 
Train fare α4 - - -0,13 (0,59) -0,39 (0,12) 
Lagged var β 0.52 (0.00) 0.48 (0.01) - - 
Fuel_P  Short term 
elasticity α2 
-0.13 -0.15 - 0.24 
Fuel_P Long term 
elasticity ࢻ૛૚ିࢼ 
-0.27 -0.29 - - 
 
The models provide a good fit to the data with adjusted R² greater than 0,95. The Ramsey test, also called 
Regression Equation Specification Error Test (RESET), detects the errors of specification for the linear regression 
 
 
13 Lagrange Multiplier Serial Correlation 
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model. As the t-statistics are greater than 5%, it can be considered that there is no problem of specification. The 
Lagrange Multiplier Serial Correlation test detects autocorrelation. As the t-statistics are greater than 5%, it can also 
be considered that there is no problem of autocorrelation. Elasticity signs are consistent with the expectations: i.e. a 
rise in fuel price is going to decrease road traffic and increase rail traffic. On the entire national network, a rise of 
10% in fuel price leads to a decrease of 1,3% in road traffic in the short term and a fall of 2,7% in the long run. On 
the motorway network, it leads to a fall of 1,5% in the short term and a fall of 2,9% in the long run. Therefore, the 
sensitivity is more compounded in the long run. Furthermore, the motorway traffic seems slightly more elastic. 
The model computing the rail traffic on the entire national network highlights a problem of specification as the 
variable `train fare' is not significant. Indeed, economic theory states that the train fare has to be significant to 
explain rail traffic variations. For this reason, the fuel price elasticities have not been estimated, since the model is 
irrelevant. This may be due to an omitted variable (for instance, airline competition). Another explanation may be 
that the average products used as a proxy for the train fares may be inappropriate. Furthermore, there may be great 
differences between high speed and regional traffic so one model is not enough to represent both types of traffic. 
Therefore, high speed rail traffic is computed without considering regional traffic. The outcomes are still not fully 
adequate (the t-statistic of the train fare variable equals 0,12) but they are better than in the previous case. In the 
short term, a rise in price of 10% leads to a rise in rail traffic of 2,4%. This rise in traffic is partially explained by 
modal shift from road to rail following an increase in fuel price. The results fall within the scope of the average 
range of values found in the literature. In particular, the short and long term elasticities estimated in this article are in 
line with SESP8, 2007 and CGDD12, 2012 who found respectively -0,11 in the short term and -0,29 in the long term 
in France. 
6. Conclusions 
This paper improves the knowledge of transport demands, particularly in the evaluation of fuel price elasticity of 
road demand in France. It has been possible to carry out partial adjustment models explaining traffic variations in 
the French context. These models allow the determination of both short and long term elasticities. In the short term, 
an increase of 10% in fuel price leads to a fall of 1,3-1,5% in the road traffic whereas in the long term, it leads to a 
fall of 2,7-2,9%. It shows that a period of time is required to adjust behaviour. In addition, it has been shown that 
traffic on the motorway network is more elastic than the entire traffic on a national scale. As trips for leisure 
purposes are preponderant for long distance trips, it means that the leisure purpose is more sensitive to fuel price 
variations than commuting or professional trips. Moreover, rail competition was not significant in the long distance 
model. Moreover, an increase of 10% in fuel price leads to a rise of 2,4% in high speed rail traffic. This figure 
implies that a rise in fuel price encourages modal shift. Besides, the rail model with national data was not adequate. 
This may be explained by omitted variables or by the need to segment the rail markets. As an anonymous reviewer 
points out, it is unfortunate that the results were not able to shed more light on the demand for rail travel. This is an 
understandable consequence of the datasets being employed. In addition, Hivert and Wingert (2010) showed that 
households living in rural areas or in places without alternative transport are the most inelastic part of the 
population. On the other hand, urban households are fuel-price elastic. Overall, fuel price elasticity results are 
relatively low so the distance travelled does not vary significantly following a rise in fuel price. This may be 
explained by the car fleet renewal encouraged by a rise in fuel price. To compensate for this increase, car users are 
likely to reduce their consumption by acquiring fuel-efficient vehicles. Consequently, the rise in fuel price may have 
an effect on consumption and the volume of cars while preserving mobility and level of traffic. Goodwin, Dargay 
and Hanly (2004) showed that fuel consumption is 1,5 to 2 times more elastic than the distance travelled. What is 
more, the low impact of fuel price on traffic may be due to the increase in wages as the fuel price rises. In fact, the 
part of households' budget dedicated to fuel expenses has remained constant for years in France (around 4% of the 
budget) in spite of the rise in fuel price of 1,5% per year since 1990 (Massot and Orfeuil, 2012). This means that a 
higher purchasing power as well as more fuel-efficient vehicles allow a relative preservation of mobility in terms of 
distance travelled. However, these global figures hide some disparities. Households living in rural areas have raised 
their fuel expenses to 6,5% of their budget because they are car dependent (Massot and Orfeuil, 2012). Furthermore, 
the rise in fuel-price is likely to urge driver to adopt an eco-driving behaviour in order to reduce fuel consumption. 
These issues could be analysed by forecasting fuel as a proportion of budgets. 
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The results found in this paper can be used in further studies. Firstly, a quantitative estimation of the elasticities 
of demand allows a test of the national transport policies to be implemented, especially in the fields of fuel taxes and 
modal shift. In this paper, some segmentation is introduced relating to motorways and high-speed rail. It could be 
interesting to introduce spatial effects and effective competition between road and rail as explanatory variables in 
future modelling. Moreover, these estimates could be used in order to specify more accurately the traffic forecasting 
models. At the moment, very few four-stage models applied to the French case take fuel price elasticities into 
account. When they do, elasticities are mainly introduced during the generation stage (Tellakis, 2008). Thus, the 
number of trips generated in the short and long terms depends on fuel-price elasticities and becomes more accurate. 
Through these applications, this study falls within the scope of a project promoting the sustainable development of 
territories. 
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